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Evaluating loan quality has become an important issue in recent years primarily due to the large
number of farm failures and loan defaults among borrowers and, as a consequence, bank failures. 
Accurate prediction of credit risk problems allows lenders to duly charge differential interest
rates, to make well-founded loan decisions and to precisely evaluate changes in loan portfolio
quality.  Community banks use risk-rating models to evaluate borrowers’ creditworthiness and
quantify credit risk based on financial and nonfinancial characteristics.  Risk-rating models are
important bank management tools in an era of volatile farm prices and interest rates.  However,
determining the set of characteristics to incorporate in a risk-rating model is a challenge.  The
applied research literature suggests that there is no uniformly adopted risk-rating model. 
Therefore, lenders must develop or customize models that best predict farm performance and
repayment capacity of borrowers. 
The objective of the study focuses on analyzing Minnesota farm level data to identify
criteria that most accurately predict overall performance and repayment capacity (the latter
determining risk classification) that should be used by the lenders in their risk-rating models.
Literature Review 
A risk-rating model represents a scheme for ranking borrowers’ repayment capacity based
on financial and non-financial characteristics.  A variety of critical factors in risk-rating models is
explained by differences in purposes of risk-rating models, differences in borrowers, types of
loans, risk attitudes of lenders and data available, as well as by continuing lack of uniform factors
to use in estimating farmer’s creditworthiness.  Considerable diversity that exists among the
models have resulted in a number of studies attempting to statistically derive risk-rating models2
and models predicting future financial performance.  Statistical studies related to this research
can be classified into two categories based on the type of response variable: categorical and
continuous.  
The first body of literature involves analysis of factors that predict borrower risk category. 
In this case, borrowers are usually classified into two or more discrete categories by the loan
officers and other financial experts, or on the basis of their actual performance.  After borrowers
are classified on the basis of their creditworthiness, one of the statistical techniques is used to
find a classification rule that minimizes the costs of misclassification.  This classification rule is
used to create a risk-rating model.  A variety of statistical approaches to risk rating is available,
but the  most common are discriminant analysis (DA), logit regression, and probit regression.  
Studies on statistical identification of the factors explaining borrower’s creditworthiness
are summarized in Table 1.  No factors of borrower’s creditworthiness are common to all of the
statistical studies, although a measure of solvency, usually debt-to-asset ratio, appears in most of
the studies.
It is hard to compare the results of the studies for several reasons.  First, the statistical
models used are different.  Different statistical techniques (discriminant analysis, logit, etc.) have
different limitations and violate different statistical assumptions, while there is no agreement on
which statistical technique should be preferred.  Second, studies use different definitions for
problem loans and acceptable loans.  Some studies define problem loans as defaulted loans only,
while other studies define problem loans as loans in default, past due, partially repaid, and
restructured.3
Table 1:  Studies on Predictors of Loan Success
Study Year Method used Accuracy of
Prediction
Predictors




Percent of family living expense in total farm
expense
Marital status
Johnson & Hagan 1973 DA 62% Current ratio
Debt-to-asset ratio
Repayment index
Dunn & Frey 1976 DA 75% Debt-to-asset ratio
Acres owned
Credit life insurance
Loan-to-net farm income ratio
Hardy & Weed 1980 DA 81% Debt-to-asset ratio
Loan to total assets ratio
Lufburrow, Barry, &
Dixon
1984 Probit 71% Current ratio
Debt-to-equity ratio
Collateral-to-debt ratio
Net cash flow-to-debt ratio




1987 DA 83% Debt-to-asset ratio
Debt service-to-income 
Loan-to-appraised value
Acres in security-to-acres owned
Miller & LaDue 1988 Logit 86% Debt payments per $ of milk sales
Earnings per $ of assets
Young stock per cow
Mortensen, Watt, &
Leistritz
1988 Logit 88% Debt-to-asset ratio
Operating ratio






Loan type, farm type, farm location
Splett, Barry, Dixon, &
Ellinger
1994 Logit 78% Current ratio
Equity-to-asset ratio
Repayment capacity
Return on farm equity
Net farm income4
A second major area of literature analyzes actual farm financial performance by one or
several continuous variables such as rate of return on assets, net farm income or term debt
coverage ratio as a function of independent variables including liquidity, solvency, other
characteristics of the farmer and the operation and sometimes external forces such as prices (see
Table 2).  Multiple linear regression is usually used in such studies.  A difficulty with estimating
farm performance by a single variable is that there is no agreement on which measure of
performance is the most significant. 
Table 2:  Studies on Predictors of Farm Financial Performance
Study Year Response variable Predictors





Haden & Johnson 1989 Cash farm income
Net farm income







Langemeier, Schroeder & Mintert 1992 Profit per head of cattle Feeder prices
Sales prices







An important issue on the advantages of using a financial variable to estimate borrower
creditworthiness was raised by Novak and LaDue.  Previous studies on risk-rating models
established most commonly two mutually exclusive risk classes, weak loans versus strong loans
or acceptable borrowers versus unacceptable borrowers.  Some studies (Lufburrow et al.; Splett
et al.) have classified borrowers as acceptable and unacceptable based on bank examiner5
classifications or other experts in evaluating loan quality, which is not free of subjectivity error,
since experts’ classifications are very likely to differ among different people.  Studies show large
discrepancies among estimates of the same farm by different experts (Duarte).  Besides, lenders
often have access to the information on non-financial characteristics such as character, quality of
records, management ability, which may significantly affect the classification of a particular
farmer by the lenders, but are not typically included into the statistical models because of
subjectivity of these factors.  
Other studies (Miller and LaDue; Hardy, Spurlock, Parrish and Benoist; Mortensen et al.;
Turvey and Brown) used actual outcomes of the loans (problem loans versus successful loans) to
distinguish between the loans.  The definition of problem loans does not distinguish between the
reasons for default which can vary from lack of profitability, liquidity and other financial reasons
to death, divorce, character and other personal reasons which cannot be predicted based on the
information contained in financial ratios.  One estimate is that about 10 to 20 percent of all
repayment problems happen due to personal reasons like health, injury, death, divorce, and in-
family legal conflicts (Turvey, p.52), which may introduce some error into the results of
statistical research based only on objective factors.  A borrower’s classification may vary among
lenders if a borrower with split credit has all his loans paid with one lender and some delinquent
loans with another lender.   Besides, a lender can influence borrower’s classification by decisions
to forbear, restructure or grant additional credit to repay a delinquent loan, and a borrower can
influence his classification by making payments from inheritance, through sale of assets, or by
some other unrepeatable means (Novak and LaDue, 1994).
Only a few recent studies (Novak and LaDue, 1994 and 1997) overcame the problems of6
borrower classification described above by using debt repayment capacity measured by term debt
coverage ratio as an alternative indicator of creditworthiness.  Another advantage of using term
debt coverage ratio as an indicator of borrower creditworthiness is the ability to express
creditworthiness as a continuous variable, which is a more accurate measure.  It can also be
converted into a discrete variable with any number of categories if necessary.   
The applied literature suggests that an alternative indicator of borrower creditworthiness,
term debt coverage ratio, has not received proper attention despite its advantages over traditional
methods of categorizing borrowers such as actual outcomes of loans or expert estimates of loan
files.  This study will contribute to the risk-rating literature by using this alternative indicator of
creditworthiness to discover important predictors of borrower creditworthiness.  This study will
also analyze the difference in predictors of creditworthiness derived through continuous variable
regression versus discrete variable regression that was traditionally used in risk rating.  
This study will improve upon previous studies by using several samples from different
time periods to validate discovered risk and performance factors.  Earlier studies (Johnson and
Hagan; Dunn and Frey; Hardy and Weed; Hardy, Spurlock, Parrish, and Benoist; Mortensen,
Watt, and Leistritz) do not validate the results on out-of-sample observations, and some of the
later studies (Lufburrow, Barry, and Dixon; Miller and LaDue) use a hold-out sample from the
same time period as the sample that was used to develop the model.  Turvey and Brown showed
that farm performance greatly depends on a year and, thus, a model developed based on the data
from a given years may not be applicable to a different years.  Novak and LaDue also showed
that a single-period risk-rating model is subject to parameter instability from year to year.  It is
important to use a different time period to validate the results because aggregate shocks like1 Net worth is defined as the difference between total assets and total liabilities.  Change
in net worth shows the final result of business operation and accounts for nonfarm activity.  To
adjust the change in net worth for differences in size, it is divided by total farm and nonfarm
assets.  Market valuation of assets is used in calculations of changes in net worth to reflect the
net value of investment.
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drought or government policy may bias the results based on any particular set of years.  If risk
factors perform well throughout several time periods, they can be used by lenders with more
confidence that the factors that are significant in only a particular point of time. 
 
Methodology
The study will analyze the data provided by the Southwestern Minnesota Farm Business
Management Association’s database.  That database contains approximately 200 farms located in
southwestern Minnesota.  Most farms in this region specialize in dairy, hogs and/or growing
crops.  The data includes 1987 - 1998 and contains detailed information about every farm
(general information, balance sheets, income statements, end-of-year analysis, itemized
enterprise, income, financing, expense information, etc.) for each year in the sample. 
Variable Selection
Since the major part of credit risk is overall financial health of the farm operation
(absence of financial stress), two different variables are selected as response variables.  The term
debt coverage ratio represents credit risk.  Net worth growth (as a percent of total assets) 
represents overall financial performance. 
Net worth growth as a percent of total assets (both farm and nonfarm) is not a typical
measure of farm performance
1.  It is chosen because it combines both profitability and solvency.2 The term debt coverage ratio is calculated in this study according to the Farm Financial
Standards Council recommendation.  It is equal to net farm operating income plus net nonfarm
income plus interest on term debt minus family living expenses and taxes, all divided by
scheduled principal payments on term debt. 
8
Profitability is the key to financial progress and creditworthiness, and loans are generally
extended only for investments that are expected to yield additional profits for the business.  High
profitability can overshadow other areas of credit risk.  However, high profitability by itself is not
a good measure of creditworthiness, since a person with high profitability of farm business can
have high nonfarm expenses, thus decreasing chances of making loan payments on time. 
Alternatively, a person with low profitability can have high nonfarm income, thus increasing
chances of making payments on time. 
The term debt coverage ratio is a measure of repayment capacity
2.  It indicates the ability
of a borrower to repay term debt from farm and nonfarm income.  It includes nonfarm income, so
it is not a measure of business performance alone.  The term debt coverage ratio tells whether a
borrower produced enough cash to cover all (both farm and nonfarm) intermediate and long-term
debt payments.  The greater the ratio, the greater the margin to cover the payments.  A ratio less
than 100% indicates that a business has to increase open account balances, borrow money, or sell
assets to make scheduled payments to the bank.  Thus, a ratio less then 100% represents high 
credit risk.  The term debt coverage is chosen over the capital-replacement margin which is also a
standard financial measure used by Farm Credit Services, since term debt coverage is calculated
as a percent of scheduled payments.  Thus, it is corrected for the size of the operation.  Novak
and LaDue (1997) emphasize the term debt coverage ratio’s unique properties: it focuses directly
on generation of sufficient income to make debt payments, a basic characteristic of9
creditworthiness, and it is a function of both profitability and the amount of debt.  The term debt
coverage ratio does not distinguish between profitability and debt levels, and a low ratio can be
an indication of a less profitable and/or a highly leveraged farmer. 
Explanatory variables under consideration include financial measures and nonfinancial
measures that are available in the database (see Table 3).  
Table 3:  Variable Summary
Category Variable
Liquidity Current percent in debt
Intermediate percent in debt
Long-term percent in debt
Working capital
Working capital / farm assets
Change in working capital percent
Solvency Farm debt to asset ratio
Farm equity to asset ratio
Net worth
Profitability Rate of return on farm assets
Rate of return on farm equity
Operating profit margin
Net farm income
Financial efficiency Asset turnover rate
Operating expense ratio
Interest expense ratio
Net farm income ratio
Repayment capacity Term debt coverage 
Capital replacement margin
Net worth growth percent
Other Years farming of operator
Age of operator
Dummy for primary crop farmers
Dummy for primary dairy farmers
Dummy for primary hog farmers
Dummy for primary beef farmers




Gross cash farm income
Apparent family living expenses
Net nonfarm income10
This study uses only market valuations of assets, since banks usually prefer market
valuations to estimate solvency more precisely.  Market value of assets is a better measure of net
value of investment and is more relevant to estimating the cost of liquidation.  Market value of
assets is not affected by the tax depreciation system used by majority of farmers to calculate cost
values of assets.  
This study uses accrual measures over cost measures, since there is an agreement in the
literature that accrual measures are preferred to cost (Lins, Ellinger, and Latz).
Regression Model
Multiple linear regression is used to estimate how an average response variable for 1996-
1998 depends on average explanatory variables in 1993-1995.  The response variables are the
ratio of net worth growth over total assets in the first regression and the term debt coverage ratio
in the second regression.  The applied literature emphasizes that using a single year in statistical
analysis can lead to incorrect estimation of parameters if there is an extraordinary aggregate
shock present in that year.  Many statistical studies use average ratios over several years to help
mitigate the problem of a single year unusual performance (Haden and Johnson).  Fischer and
Moore conclude that mean value of rate of return on assets (ROA) is more significant than the
most recent ROA value of a distributed lag specification for ROA.  Use of mean ROA dampens
the effect of year-to-year fluctuations in ROA on loan  classification. 
Novak and LaDue (1997) recommend using average term debt coverage ratio for two or
three years to estimate extended borrower’s creditworthiness, since annual debt repayment
capacity fluctuates for an individual borrower on an annual basis.  Thus, a borrower may be11
identified as creditworthy using the debt repayment measure in one year and less creditworthy the
following year using the same measure.  This result may stem from normal fluctuations in farm
income, interest rates, and the fact that debt repayment capacity measures do not account for
credit reserves or availability of working capital.  When two-year and three-year averages of the
explanatory variables are employed, Novak and LaDue recommend using respectively two-year
and three-year averages of the response variables.  Novak and LaDue (1994, 1997) study the
difference between single-period and multiple-period regression models and come to the
conclusion that average models have more stable parameters and superior predictive ability when
compared with single-year models.  Smoothing ratios over time mitigates the effect of inter-year
volatility on coefficient values.
Lenders typically maintain historical financial information on existing borrowers and
collect several years on new applicants to make a sound credit decision.  Thus, the data required
by average models should be accessible to lenders  (Novak and LaDue, 1997).  From the lenders’
point of view, average values of response variables are also preferred, since lenders are interested
in creditworthiness over an extended period of time and they make credit decisions reflecting this
extended period.  Operating loans and loans for cattle and equipment usually are made for terms
longer than a single year (Novak and LaDue, 1997).  Lenders usually use information on a
borrower for the last few years to predict his creditworthiness over the next few years.  Thus,
there is a need to identify the variables whose average values predict average response variables
in a subsequent set of years. 
A logit model is used to classify borrowers into less creditworthy or more creditworthy
groups based on a cut-off value of the term debt coverage ratio.  This is done to compare the12
difference between risk models designed through the use of continuous and discrete measures of
creditworthiness.  A logit model is used to compare the results of this study to previous studies
that traditionally used discrete choice models.  The review of literature reveals that logistic
regression is the most prominent and widely accepted technique.  Thus, it is selected for use in
this research.  Both logit and probit models give asymptotically consistent, efficient, and
unbiased estimates even when the assumption of multivariate normality among the explanatory
variables is violated, unlike OLS and discriminant analysis.  Both models also provide
probability estimates that are between 0 and 1, which cannot be guaranteed for out-of-sample
observations in OLS.  In many cases, both logit and probit provide similar results.  Given that
logit is easier to understand and compute than probit, which may be beneficial for lender’s usage,
logit is chosen over probit.  
To apply the logit model, the term debt coverage ratio needs to be converted into a binary
value.  In order to do that, a cut-off value needs to be determined.  Previous studies consider the
term debt coverage ratio greater (less) than 1.0 to identify a borrower as strong (weak) (Novak
and LaDue, 1994), since the coverage ratio greater than 1.0 implies that all debt obligations were
paid from operating income.  Novak and LaDue (1997) showed that there is no need to restrict
the cut-off value to one, since the higher the cut-off value, the more stringent is the risk
classification.  They use several different cut-off percentage values (100, 115 and 130 percent) to
demonstrate that creditworthiness models are robust with respect to different cut-off values of the
coverage ratio and that no cut-off value is uniquely correct.  This study will use cut-off values of
105, 125 and 150 percent to verify the robustness of the model to different cut-off values. 13
Statistical Methods and Tests
After selecting the farms contained in the database for each year since 1993 throughout
1998, 116 observations were left in the sample.  All predictors were calculated as averages of
their values in 1993, 1994 and 1995.  All response variables were calculated as averages of their
values in 1996, 1997 and 1998. 
After the models are developed, they are tested on two data sets from different time
periods to test the validity of the model in other time periods.  They are tested by predicting
average response variables in 1990-1992 using average predictors in 1987-1989, and by
predicting average response variables in 1993-1995 using average predictors in 1990-1992.  The
models are tested by checking the significance of the variables and overall fit when
corresponding variables are used with a different data set.
It is important to verify the results on other samples, since lenders will work with a set of
farms and a set of years different from those used to develop the models.  However, structural
changes and macroeconomic shocks may affect significance of certain predictors in various 
periods.  For example, the interest expense ratio may be more important in periods with high
interest rates than in periods with low interest rates.  Thus, verification of model results using
other periods does not explain if a certain predictor is insignificant in other periods because it is
insignificant in general, or because some macroeconomic shock increased significance of the
predictor in the period used to develop the model.  The results of testing the models on other
periods helps to identify the predictors that are robust with respect to time.14
Results 
The best OLS regression model for predicting net worth growth based on 1993-98 data
includes six predictors: living expenses, nonfarm income, asset turnover ratio, equity-to-asset
ratio, net farm income ratio, and number of acres farmed.  When the set of predictors from the
original regression is applied to a different set of years, 1990-95, only two out of six variables,
asset turnover rate and living expenses, are highly significant (see Table 4).  
Table 4:  Comparison of OLS Results for Net Worth Growth
1993-98 (Initial Model) 1990-95 1987-92
coefficient p-value coefficient p-value coefficient p-value
Intercept  -0.0003500 0.3055  0.000197 0.6139   0.001354 0.2564
Crop Acres  -0.0000003 0.0360* -0.0000003 0.3259  -0.0000007 0.3892
Equity-to-Asset Ratio   0.020821 0.0158*  0.000104 0.6881   0.011200 0.0975
Asset Turnover Ratio   0.00003827 0.0001*  0.0000174 0.0001*   0.0000184 0.0248*
Net Farm Income Ratio   0.00003095 0.0033* -0.000466 0.5760   0.000840 0.7614
Living Expenses  -0.00000002 0.0001* -0.00000002 0.0023*  -0.00000003 0.0353*
Net Nonfarm Income   0.00000001 0.0102*  0.00000001 0.1208   0.00000002 0.4175
Overall F statistic  17.480 0.0001  3.973 0.0015   2.500 0.0278
Observations          104           94           95
R-squared            0.52            0.21            0.14
Adjusted R-squared            0.49            0.16            0.09
Std. Error of Reg.            0.0006            0.001            0.002
*Note: p-value less than 0.05 indicates variable’s significance at 5% significance level. 
When the set of predictors from the original model is applied to another set of years, 1987-92,
asset turnover rate and living expenses are moderately significant, and the equity-to-asset ratio
shows some significance.  It can be concluded that asset turnover rate has a strong positive
influence, and the amount of apparent living expenses has a strong negative influence on net15
worth growth.  Thus, high living expenses can be associated with a slower net worth growth, and
high efficiency can be associated with a higher future net worth growth.  
The asset turnover ratio and apparent living expenses are rarely used by the lenders, as the
surveys of empirically used measures show (Pederson and Chellappan; LaDue et al.).  Many
lenders use trend in net worth or trend in earnings as a predictor of creditworthiness in their risk-
rating models.  This study does not reveal that future change in net worth depends on past change
in net worth.  Rather, future change in net worth depends on past efficiency and the amount of
living expenses.  The lenders who would like to account for farm financial performance in their
risk-rating models may want to consider measures such as the asset turnover ratio and family
living expenses.  These two variables are consistently significant despite the reduction in the
number of observations and use of different time periods.  Thus, they have a high probability of
being significant in predicting net worth growth as a percent of total assets in future periods.
Table 5:  Comparison of OLS Results for Term Debt Coverage Ratio
1993-98 (Initial Model) 1990-95 1987-92
coefficient p-value coefficient p-value coefficient p-value
Intercept  4.950543 0.0001  4.969206 0.0001  4.468727 0.0001
Living Expenses -0.000017692 0.0001* -0.000004743 0.1756 -0.000003055 0.4826
Nonfarm Income  0.000011206 0.0001*  0.000003439 0.3918  0.000006838 0.2844
Debt-to-Asset Ratio -0.018033 0.0001* -0.020491 0.0001* -0.020206 0.0001*
Age -0.011259 0.0067* -0.006532 0.3926  0.005222 0.4553
Overall F statistic 32.23 0.0001 16.11 0.0001 21.48 0.0001
Observations          100            80           97
R-squared            0.57     0.46    0.48
Adjusted R-squared            0.56     0.43    0.46
Std. Error of Reg.            0.37     0.60    0.70
  *Note: p-value less than 0.05 indicates variable’s significance at 5% significance level. 16
          The best OLS regression model for predicting term debt coverage ratio includes four
variables, debt-to-assets ratio, nonfarm income, living expenses and age.  The results of
verification of the model are reported in Table 5.  The debt-to-asset ratio is the only highly
significant predictor of the term debt coverage ratio.
The resulting logit models are summarized in Table 6.  The logit is used to predict 
probability of the binary response variable that is equal to one (if the term debt coverage ratio is
greater than a pre-specified cut-off value) and zero otherwise.  Three different cut-off points are
used to convert the term debt coverage percentage into a binary variable: 105%, 125%, and
150%.  As the results show, the logit model is robust to the differences in cut-off value.
Table 6:  Logit Results for Term Debt Coverage Ratio Cut-off Values
Dependent Variables = Average Term Debt Coverage Ratio in 1996-98 as a Binary Variable 
Independent Variables = Average Values in 1993-95
105% 125% 150%
coefficient p-value coefficient p-value coefficient p-value
Intercept   4.56820 0.0001   3.57320 0.0001   4.93250 0.0001
Living Expenses  -0.00006 0.0009  -0.00005 0.0036  -0.00007 0.0009
Debt-to-Asset Ratio  -0.07600 0.0001  -0.06870 0.0001  -0.09880 0.0001
Nonfarm Income   0.000050 0.0072   0.000047 0.0090   0.000034 0.1107
Overall χ
2 score  41.262 0.0001  37.353 0.0001  49.512 0.0001
Observations          113           113          113
Obs. With Dep. = 1           61            53           45
Obs. With Dep. = 0           52            60           68
% Correct Pred.           76.1            76.1           81.4
Means of Predictors
105% 125% 150%
  Dep. = 0   Dep. = 1   Dep. = 0   Dep. = 1   Dep. = 0   Dep. = 1
Living Expenses  34311.40  27923.30  33435.16   27951.02  33448.50  26955.91
Debt-to-Asset Ratio     50.65     29.84     48.79      28.82     49.30     24.49
Nonfarm Income   9676.24  15251.71   9990.21   15737.84  11403.16  14624.52
Observations     52     61     60      53     68     4517
The models have a good explanatory power with overall p-value of 0.0001 under different
cut-off values of response variable.  Thus, the model is highly significant and the null hypothesis
(that the predictors do not have any explanatory power) can be rejected.  The percent of correct
predictions is 76 - 81%.  This is comparable to previous studies, in which correct fractions
ranged from 62% to 88%.  Only three variables entered the final model: the debt-to-asset ratio,
family living expenses and nonfarm income. 
The debt-to-asset ratio is the most significant predictor in the model.  Nonfarm income
loses its significance as the requirement of creditworthiness becomes more stringent.  It appears
that nonfarm income affects the term debt coverage ratio the most when the cut-off value for the
coverage ratio is around 100%. 
As expected, the number of farms considered creditworthy (dependent variable = 1)
decreases as the cut-off value increases.  An increase in the cut-off value of the term debt
coverage ratio makes the requirement of creditworthiness more stringent.  With an increase in the
cut-off value, mean family living expenses and the debt-to-asset ratio (negative predictors) of the
creditworthy farms tend to become lower, and nonfarm income (positive predictors) of the
creditworthy farms tends to become higher.
The logit model is easy to use with the help of cumulative probability function of logistic
probability distribution (see Figure 1).  18








































To calculate credit score for a specific farm, the values of predictor variables for the farm need to
be multiplied by corresponding coefficients form the model, and the products need to be summed
up, including the coefficient.  For example, credit score for an average farm with the term debt
coverage ratio less than 105% cut-off (using the first column of Table 6) is: 
4.57 + 34,311 * (-0.00006) + 50 * (-0.076) + 9,676 * 0.00005 = -0.81
Credit score for an average farm with the term debt coverage ratio greater than 105% cut-off is:
4.57 + 27,923 * (-0.00006) + 30 * (-0.076) + 15,251 * 0.00005 = 1.37
The credit score needs to be compared to the degree of loan risk using in logistic probability
function in Figure 1.  In this example, credit score of -0.81 corresponds to high risk, and credit
score of 1.37 corresponds to low risk.  Higher credit score corresponds to lower credit risk. 
The original model yields 76-81% correct classifications.  Verification of the model on
two samples from other time periods reveals that the debt-to-asset ratio is the single strongest19
predictor of the term debt coverage ratio (see Table 7).  When it is the only variable included into
the regression, the percent of correct predictions ranges from 73 to 77%, and the model has high
statistical significance based on the overall Chi-squared statistic.  The accuracy of logistic
regression based on debt to asset ratio alone (on average 76%) is comparable to previous studies. 
Table 7:  Comparison of Logit Results for Term Debt Coverage Ratio 105% Cut-off Value  
1993-98 (Initial Model) 1990-95 1987-92
coefficient p-value coefficient p-value coefficient p-value
Intercept   4.56820 0.0001   3.0789 0.0002   2.6887 0.0001
Living Expenses  -0.00006 0.0009*  -0.00002 0.1385  -0.00001 0.3233
Debt-to-Asset Ratio  -0.07600 0.0001*  -0.0503 0.0001*  -0.0335 0.0001*
Nonfarm Income   0.000050 0.0072*   0.000054 0.0227   0.0000204 0.9203
Overall χ
2 score  41.262 0.0001  31.054 0.0001  19.339 0.0002
Observations          113            92           101
Obs. With Dep. = 1           61            56            63
Obs. With Dep. = 0           52            36            38
% Correct Pred.           76.1            72.8            76.2
  *Note: p-value less than 0.05 indicates variable’s significance at 5% significance level.  
The term debt coverage ratio depends both on profitability of farm business and the  level
of debt.  Importance of debt-to-asset ratio in predicting term debt coverage ratio in this study
indicates that the term debt coverage ratio strongly depends on the level of debt and does not
significantly depend on profitability in the previous period. 
Comparison of OLS and logit results shows that the two regressions for the term debt
coverage ratio perform similarly, even though they have different interpretations.  Coefficients in
the OLS model show how a change in predictors affects the value of the response variable, while
coefficients in logit model show how the change in predictors affects the probability that the20
response variable takes a value of one.  The results show that the OLS regression can include
more variables than logit regression (if variables enter a model based on a pre-specified
significance level).  In this study, all the variables that are significant in the logit model (living
expenses, nonfarm income, and debt-to-asset ratio) entered the OLS model as well.  
Verification of OLS and logit results on previous time periods reveals that debt-to-asset
ratio is the single most important predictor of the term debt coverage ratio in two samples from
other time periods.  The debt-to-asset ratio is important in predicting borrower creditworthiness
in almost 90% of previous statistical studies, and this ratio is used by almost 100% of the lenders.
 One of the reasons this ratio is used extensively by the lenders is the fact that it can also be used
as a proxy for the borrower’s collateral position, by comparing the amount of all liabilities with
the amount of all assets.  This study concludes that this ratio is the best indicator of repayment
capacity and it needs to be one of the most important factors in risk-rating models.
Comparison of the predictors of net worth growth and the term debt coverage ratio shows
that living expenses and nonfarm income are common predictors of the two response variables in
the original models.  When the models are tested on 20% of the original sample, living expenses
are the only common predictor.  However, when the models are tested on previous time periods,
no predictors of the two response variables are the same. 
It is not clear why the variables that show significant in 1993-98 regression are not
significant in previous years: because of some macroeconomic reasons making some predictors
more significant in the later periods or because of superfluous relationship between these
predictors and response variables in the original mode.  It is also not clear if nonfarm income was
not important in other periods because of no significant relationship between nonfarm income21
and repayment capacity and farm performance or because nonfarm income has a greater impact
on borrower creditworthiness in the last few years.  Living expenses could also be more
important in the last few years, when anticipation of reduction of government support and price
instability gave many farm families an incentive to reduce their living expenses.  Further analysis
of the reasons why some of the variables are significant in 1993-98, but not in previous years, is
necessary. 
Conclusions
The results of this study indicate that the asset turnover rate has consistently been a highly
significant predictor of future net worth growth in several different periods.  Farmers with higher
asset turnover rates are observed to have higher net worth growth rates (as a percent of total
assets) in the following three years.  However, studies on financial measures used by lenders
(Pederson and Chellappan; LaDue et al.) show that the asset turnover rate is almost never used in
practice, and other efficiency measures are not extensively used.  The importance of efficiency
ratios in predicting farm performance is highlighted in other studies (Tvedt; Haden and Johnson). 
Since the asset turnover rate represents effects of production, purchasing, financial and marketing
decisions, it needs to be included into risk-rating models to account for future viability and
financial performance of a farm business.
Apparent family living expenses is another consistently significant predictor of farm
performance.  Only one previous study (Bauer and Jordan) indicates the importance of proportion
of family living expense to total farm expense in predicting borrower creditworthiness.  Since the
amount of living expense is not a Farm Financial Standards Task Force measure, and is not very22
commonly used, it is not included typically in previous studies.  The results of this study show
that farms with higher living expenses are observed to have lower net worth growth (as a percent
of total assets) in the following three years.  Farm income can be spent on living expenses or
invested into business.  Thus, high levels of living expenses can slow the growth in net worth. 
Living expense is a potentially useful financial measure that can be included into risk-rating
models.
The debt-to-asset ratio is the single strongest predictor of borrower creditworthiness
measured by the term debt coverage ratio.  This result coincides with the findings of previous
studies.  The debt-to-asset ratio denotes the borrower’s ability to pay off debts if the farm were
sold immediately.  It also shows the borrower’s ability to withstand the risk of financial
adversities that may increase debt or reduce equity.  Farms with lower debt-to-asset ratios are
observed to have higher term debt coverage ratios in the following three years.  Importance of the
debt-to-asset ratio in predicting a borrower’s creditworthiness indicates the need to include the
debt-to-asset ratio into lenders’ risk-rating models. 
The debt-to-asset ratio (which is the only measure that appeared in the results of almost
all previous studies using different measures of creditworthiness) showed to be important in this
study.  It indicates that the term debt coverage ratio can be used by the lenders as an alternative
measure of creditworthiness.  It is a farm financial standards ratio and thus should be easily
available to lenders. 
Comparison of the best OLS and logit regression models shows that these two methods
yield similar results.  However, OLS regression can include more variables than logit regression
(if variables enter a model based on a pre-specified significance level).  In this study, all the23
variables that are significant in the logit model enter the OLS model as well.  This result is
similar to the one reported by Novak and LaDue.  They conclude that the OLS and logit models
are equivalent.  This finding has an important application for the lenders, who can implement an
OLS model in commonly used office applications allowing for an OLS estimation like Microsoft
Excel or Corel Quattro Pro, using term debt coverage ratio as an alternative indicator of borrower
creditworthiness.  Logit can also be implemented by the lenders.  They must calculate the value
of the linear combination of predictors and corresponding coefficients and then calculate the
probability to assign to a borrower.  The results of logit analysis agree with the findings of Novak
and LaDue that creditworthiness models are robust with respect to different cut-off values, which
can be adjusted by the lenders depending on their risk attitude.
An important result of this research is that the models developed on a specific set of years
may not be applicable to a different set of years.  This is true even when a model is developed
based on average values in multiple-year period.  Even though almost all of the predictors
significant in 1993-98 preserve their signs when applying the model to two other periods, many
of the variables are insignificant in the other periods.  Thus, great caution must be exercised
when applying the results developed in a specific period to out-of-sample observations.  The
results should be evaluated in several different periods to validate the model.  This is important,
since lenders will evaluate farms in periods different from those that are used to develop the
initial models.24
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